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FE K BARHA G T AW FHR (HES: 92370201) FE K BAR IS HEEESE (S 62222607) HEITH

WE AW EMEA (drug-drug interactions, DDIs) & % £ £ MG M L F(F FI BT & &£, ERGHz
I8 B AR AR R T LA R AR Ve T R, MR L BRI R R AT 2R EW R, &
ERR AR, XEFTMNERAM AN ZEEZLFEREERNTEMMRBAEREXRERE. MERAR
DDIs 8% KA AWK, B8 T RAWH 7%, L EZNEF S J7 ik TN DDIs B9, 451,
WRIETHIEFIN T EA AR TREE DDIs AT AENYE F 0T TEM. 24 MLy H
BB EMAEAN 3 ANERER, Mo F kLT A £ Fo R B, 8 T A a4 2 K
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REE. FAERMY, HieeDDI B ZEGYE F40 T TG, 2484, ZYREEAMNEELZ 3
MEE, RTNGHHEEER. Gl A RERT A a anEnEe, DRGYRwHEEER% RE
W, JF 38 3t 5 B ) 2k, B A X DDIs o2 T AR AR Bk it A AR R B g, JR
BRRTAXREN T EALETEAAWEEAEF ARG AL T %, RABWKRARENER. £
DrugBank 77 Twosides /A HEE b, AR BB 7 EE LN (transductive) 5 + By E#H X
YL T ERE T 0.58% F1 2.02%, MAVTH X (inductive) FEFNEZEE T 4.20% F 3.52%.
JE AR & A E https://github.com /wuhuaijin/HierDDI.

KR ALEF ], AMBEEER, £ER, BHERNE, i EE

il

1 3

a5 N LA fE (artificial intelligence, AI) HARM KK JE, HAELMIHEAR HHIN ] (Al4Drug) 5l
NEH, ERH SR E S 25 R I, AldDrug £54 7 HLER 251 IRFES SIS it i B R fig
3 30 25 B i G W R R SRR AR A L, S 250t S PRI HT 0 2N B Be. 240, AT fE25AT A

SIAME: RIEE, bEREE, B, & BT 2 RIRG I WA TAE RN, S ERL: (5 8R4, 2025, 55: 356-371,
doi: 10.1360/SSI-2024-0106
Wu H J, Bu J Z, Yang N Z, et al. Drug-drug interaction prediction via hierarchical structure modeling. Sci Sin
Inform, 2025, 55: 356-371, doi: 10.1360/SSI-2024-0106

© 2025 <<‘:F‘ﬂ-'_q—">> ?—3‘—:?5?i www.scichina.com infocn.scichina.com



X EE PERZ:EEMFE 2025F Hssk Fo2H 357

® 1 MEAEFEENGYEEERNEREHERSTENER, SRENEEFTEMREIEULRE RiREiRK
Wk,

Table 1 Comparison of DDI structure modeling in different methods, including whether they require KG and whether
they are trained end-to-end.

Method Substructure Molecule DDI-network Require KG? End-to-end?
BRSNMF [18]
KGNN [20]
MUFFIN [27]
SSI-DDI [21]
GMPNN [30]
MSAN [29]
DSN-DDI [31]

AN RN NN N Y
AN AN N NN
NIX X X X% X% NS
%% %X %X % NN X%
AN E NN NN NN

HierDDI (ours)

W RN T MR R T A O B s 0 A A R T (67 A el 801, DA
S AR ST IR 20 AH ELAT A A

2 HAEH (drug-drug interactions, DDIs) AR RN B JE IR 5, ENLAR N R A 2 3)
FECEG BT A EAER, ¥R A AR R, 2GR0 R 2 AL TR 4 A 00,11,
B EH YA & RES G 0T RO A RN, A B Z5H & W Re S EUTRCT B # ki, &
B RETIRFH RN  FHIRIT R I, I R AN XU 121 2 Tl PRAGE R A R 2454
HMHEAEH 2 B E ) BE A BB U314 SR 25T i — A E R, J5A K E )
FHELAE IR A, BRAR . TN HAZAE 5 15 SRR, 0 OREE EFARAL . 2T 2528 fa LMW R 5175 9T
B SCER. AR GO S 56 5 M T 7805 5 BREFEIS S & 51 TR AGYIBEI 2 XS SRRt
FESGAC, N TR S TS TR, R T AL 2 ST VA TN 25 W AE AR FH R S . H AT, AL
A 2T C T T I S AR 2 AR LA R T A 5% (1o~171,

—RAEE N DDI Tl 7 L3 T AU 25 Y AH ELAE I8 (TRiFR >y DDI W 4%) 08190 Bif gy
F & EVEZE RN EE (knowledge graph, KG) (0] A Z2 3] 2 WAL, IS B R 25 T 5 B 45
K (5 8. X LT VAR CAH DDL 28 AR RPN 8, TS 2 — X 2590 2 18] B AR LA 2 5 47
FE. SR CFAR DDI W28 v BERR R, BAE MR m A 00, JEL838 2545 9 5 IA 25978 & R A IT
W RAEALER, X LTy A LLEAT PSR O, X Mg e SORIAZNEK (inductive) 2 B0 ZE TR
23R T E A DD W28 2 8 fUMR A 1. 55— 38 DD Pl 75 v L33 T BR AR 25 W) 1) N AE R 1E,
PATI EA T (6] f AR AR . X a7 vkilad N Lt RORRAE 22230 R AP I 45 27 5] SMILES J7
A1) 24250 F1 1 [ 126270 KRRk SEH. AR I SR e F B R N 4 2 o) oy TR Hr, — LR
7t 128290 BRI T oy T A5 5 HRF AR AR R IR, KX SR IR A (e 22 B A R . WAL
T AR BTG 5E DDI BN SS SR 8wT iR tt, IR IR gl Sh s sz fh e

N T RELGRE LR MR TR, A ST T — R 77 i 2 J2 XL A 27 2] DDIs, AT LAJA] I
ARG T B S I Gy 1 TS RE B 7 T R85 R 8., JEE 3R A B0 DDI 2GR A4 h
SERME . AFETIER BN 1 08,20.21.27,20~31) Frog 7 Gh AT 20 S5 ORI 2200 FEE R [ Je A% ] L
I, 0] i R BOT B S AN R Z KR B R BB, Rl 2 SE 71 BIE B 5 DDI M2 (5 A
Plghi&, LRSI B RARVERE. BbAh, ASTIERY 1A — NG —HEZR T RET 2 R AR, A IR
REMEHEAT i RO o B Y RN RE. S2PR b, J2 R CAE & R AW 2 AT 2 2, s 24
7 132,381 R R A B R R BT RSO £ R IR LS N 2R LR R AR, O sk
W T 05 TEG . 35S DDI 2% R AR [RIIN, AR SR 77 923 AN s m Jn R
W ANAE TR DDIs HELRE A BRI 2 Z R, B 1 R T AR I 2 A ZE AR DL S
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substructure level

molecule level

ﬁ' DDI-network level

node and edge in KG

AN

1 (MBRFEE) 2FFEE. 572548, APBEERNEEENEF 3 MRETERE, UKRTLEIMERNED
FREIE.

Figure 1 (Color online) Overview of the three levels: molecule substructure, molecule structure, and the network structure
of drug-drug interactions, along with the extra optional biological knowledge graph.

SR G G AR
ACHREH T HierDDL BARKS, HierDDI {4 FHH SAZ 1B 4% (message passing neural network,

MPNN) B8 SR I 7 ZRHE, 25833 R U HLHIHRR 23 1 B rh (W F 205 1 T S5 G AE, T TR ALE
PRIREE B0 R, XY RHERE 5 B Z 2% (graph neural network, GNN) 7
DDI Mg rh A4k, 1% /2% 56 4T 21 ) DDIs A, Jof#iah AR B, (R = 25900 Z [a) A0 B4R H
ST B B 2 RTINS SR E PN 73 DDI 45 537 AOARFAE LA A DD W 4% 55T 5 RFAE. A SR
AR ARAE s B Il 2R Ta 2, 202 00E B RS W DA RO ok T i & a8 1. BMEE 398 g 5,
FCH AR AR AP EAT T, A7 G50 LA AR 5 Tz A BE . (A3 TN REAE B8 ) 2 F 2454
MEAEHEE NSRS 7IRTE. seab, s aghalis &, ASGEN 5 ABAMIBENILE R AR MY 5 B
M5, KA I DDI W28 454, SLinsh B3R, HierDDI E A B AR A rh 351k 31 1 %
EPERE. MEF AN, ASCHR T HierDDI HAT BAR 5 AL

o ARIHUHRM T RG> T TEMEE. TR M%RE B & DDI M4 (5 B EIwh 2 k2%
BERY T F000 2457 (8] B AH AR . XA 22 2 K @ A5 7 S RE 8 AE AN 8] /25 b 4 T B AN 23 A 2590 A
AR PINURIAIRRAE. 5% 1 FoR, BATHIEIA TAEE S TAIX 3 NMEMZR, AR 2
JE UG RLAE 25 ) AR ELA'E FH TR0 S50 B A AR 1) BT P A T .

o AL VR A R @ YR R g I, did v B U 206K, 3R T 3 N E IR BRI RE.
ZHEGEAN B 5 55 BT HIF 5 v RO (28301 3k AT 4 R AL 1) 7% 7).

o TEWANNTFEESE LSt 45 SIGIE T HierDDI 1 A 8 Hsi k3L 2R, 78 B U A gh:04E
55 h S BT S M e

2 MxMRIE

AR T3 2R A ST RN 2 AR ELAE T A7 THIR A 4 AH SR AT 58 AR

DFRINFES]. BRI TRRFEATIETE I NPIRE. IR T 70T SMILES FRal 7%,
Hrp SMILES RREEFEFRILHI 2 TN 45 2% H 24t (simplified molecular input line entry system) 39, iX
BT R Z R VE F A, 40 BERT M0), SRARER )T SCAZRIR. SMILES & — T2 7 I 2 14
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MR 48, 7™ BT 3 D 5 BRI, 1 AT A2 BR ) AL 78 4 DDI T S5 4E 55 h ik 5E g, TiAE
BOBS R 55415y A IRIE B, 35 IR T4 AR 78, 7 A — 35 5 935 T4 TR0
ST EMZ R (GNN). 9 THLHA T BUBHIE] Morgan F640 1), AT EHIE T8 4000 7 Wl
AT, T SR IR R B2, ML, T4 FER AR, GNNs 2407
T SN, KT GNN HTT R 5 T (R, M8 0 — KT A 5
ARSI B A0,

MR EAER. TR SIAE 250 EAE T T50 i) R b BUAS 1 Ty, 24 TR T R ) 2
YRR B A TN 7R T LRSI N PIER. 5 — S RN ZG WA AR FH SR SR 00 DDI (4%, JH45 0
DT 55 T BE R TR . X e TV JE T2 0 28 5 T 259 8] AR ELA TR A7 AE, AN R
P75, BLHEAERE A 181 T B shgmfitha 147) st b2 5] (8], Horp— ey o B 32 8 I IS B A=
PO 27 0 R 120,49,500 58— SR HIZ5 WD) AL FE 73 3-S5 48, TR R0 245 AR ELA FH AL N A ST i) TE
A 129:51) IR ARE E AN AN RE A TN K 25050 5 DD 2% o FAR 254 2 TR) (R AR OGP, IRk, e AT
B U W] NG TS50 TR SR U BURFAE, X 573 TR "% 2] (molecular representation learning, MRL)
S VIR, HOAE ESCh A, 723X — 2807, IEAAAE — B 29300 SRZEIF0RM 1 7 7 14544
BTN DDIs M E M. thAh, — A% MUFFIN P71 {07585 6 T RTR PR 7 75 5% H I — 24
#. BARTE, B T EARIRERE R ITE (W1 TransE B2) 111565 51 51iR EE dh &R 254 (1 2%
N, FER S W1 B 22 S 29 R G5 AR T T e SR TN I A 75 95 AN A 58 4 v 2 s ) 1
JuzX, PR T 201 B2 SR AR B 5 5 2 (R AR ELSZ a6 el 73— /N J7i% DSN-DDI BY,| 4 H A~
JER ARG, WA S9N 250 vh 22 S 297 k. JRVE e SR T LA AR, HE IR
FEE] DD W%, MK IBAFAER B A SCHE I HierDDT AN 75 BB N it A= P s 2 Sl s e T
QLRI DDI K&, @I 749 5 7450 DDI ML 2 BOR TN DDIs. ASSCHEH 1)
TiiER e A B IR, (645 3 NMERIA S AN G, FESL TR0 25 AH TLA P F 4 i L.

3 ZRANAMHEELERFUNERR T
AHTRE 2~ AL TE SC DD T i B, 5 1 200 1 3R A SCHR H AR 532 B EL S TR 5

3.1 [EEENX

SRR T TT0  Feh 2 52 24590 2 T T AZAEATART AR ELA P, 1 A5 8 ELAAR IR EL AR FH 28 23 (19,200,
ST AR 21290 — 80 ARSCRR A — AN AR E, BB S BAE R, T CE RN HAY)
45K, DDI M4, SRJG 45 H DDI P 55 1A 204k 5E X

HEER. VARG A 5 F450, RSO T A8 07 T AR B SR IEIZY B
B ENE R. TEET 07 BN % 2] 05, 7 S5 AR IE— O A TR 1 SRR SR A T2y
T T AR — IRAR 2 70 B SRR M 1) — 0 7 5 (9 Sk Mk 2 48 ), RN 5 2 T,
IXLGREPE — R A [ 32 2% 2] 45 31 281,

DDI W&, A SCK 25 EATE TR R 5 R4 R 77 DDI %%, 45 5 —H C 51 25k EAE
FARZR, AT LA —MAHEAE FAERE. 23X b, mT R — AN B mI X AR AR B A € {0, 1V Na} Sk
Fon DDI W%, Ht Ny RORAGYIEE. Ay = 1 TR d; M d; RS EAER, T Ay = 0
TR AR IEE B BT 8] BT AT AH ELAE .

DDI FM. A SO 2590k BAE W0 AR 8 DDT Fi. 45 5 — 41 20 0 26 00 4 FH 3cdis
M = {(di, t,dj)p N, C Dx T x D, Horh D NZWES, T N EAEFZEBE S, 1 H broad T fh 24
Ve WA SEFRE € R A BARH . X B2 T — AN 0 SR TR S Ty(di, dj, tIM, A),
it —AME 90 € [0, 1], RLT-24) d; F dy Z ARAERTA ¢ A AR RS, VR, X ¢ 28
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X
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2 (MEhFE) iR HierDDI FIREIZEH). APMBRFIAEZESTE, HFHERKRETF. #FEHFET
TRNFTERTHERBERENEFIEE, ARBTIREHBRESIBEN Y TFHRT o, HBE FEMBEERER
BN FFEHNFHERREE 01,00,...,00n, XAERFINETHFEEMERIND FTFEHBRFE. Hbs
FFEEMIRERT A E ISk [29] MEIES%. HierDDI EF LIREREF TN Score_1. B—if1, SLRHIFREH
DFELEHMERINS FFEHBERIFERTHHL DDI MEHRHIZAYT S4FHE, RELE L B GNN 7 DDI
LG R T SAFE. REME AT SIS ER T Score_2. #8ANE Score_1 F1 Score_2 HISEINMEIE R RLETN

A

/
]
J

[T <°y \-I [T )

-

Figure 2 (Color online) Architecture of the proposed HierDDI. Drugs are represented as hydrogen-depleted molecular
graphs where each node is one atom. Atom features are learned by message passing neural networks. Then,
the representation x of the entire molecule is obtained by a READOUT operation and the representation vectors
{01,02,...,0n} of the substructure patterns are obtained by the substructure interaction module, corresponding to the
molecule-level and substructure-level views, respectively. The substructures can be obtained by existing methods such
as [29]. Then, we predict Score_1 based on the aforementioned information. Afterward, the previously obtained molecule-
level and substructure-level features are used to initialize the node features in the DDI network, and the node features in
the DDI network are updated by L layers of GNN. The final output node features are used to predict Score_2. We take the
average of Score_1 and Score_2 as the final predicted probability.

MR, BARZYZ A et B A RAEH, TFREE 1 48 AR A AEAH AT i E 1L A A ELAE A,
PRZE O 4R A AEAR ELAT I M0 AE 57 A AR .

HierDDI (I RZER A 2 PR, tir TR I MEe . T AR BB . DDI R 4527 >)
BRI ER A K

DFRAF IR, FINLGPH LA 8 e I YRHIE. AHEL SMILES 751, 7078
HHEEERNGER, HERZERMEZ (GNN) CAHX R B, ASCK 7> T @B0O8 40, JEAIH GNN
FARRIR, RGN TR AEDN 7B, IFNENTR B S50 SR U5 2. A S A
X € R Am SRRIRIE— 70 TR 7 G LAERE, B e R0 RoR by 7 BRI 3R, o
n, dim Al b 735X TR T8 FRAE4E AL A R A, i, AP R T IR
PR, XM AR (A8, v 7RG SR T R IERERE XO, ACHIE T 8 N SR T
FRIEME: £75 . . M. mafr . T AL Afe, SIS &1k IrA XL g 4T n] LUE I RDKit (57
THARG. BG, RCRHHE BB ZMZ (MPNN) B8 S5 3] 437 B i 747 RUHREE, %045
MR T R AR IER A5 S, B SR 0T AR, BT AL p LT R XA R BL
iR

mb = 3" AGGREGATE(z! ', 2f " e,), (1)
gEN(p)
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xf = UPDATE(z} ™', m}), ke {1,...,K}, (2)

Hd AGGREGATE APPSR ETTR, mf = oy Coenp) Mbq s UPDATE ] — DL 4%
Uy (B0 2 JZREFANL) MENEER . N(p) Ko r TEP A s p KBE, of Ko b IGaR)E7
Hop BIRHE, epq KR (p,q) WIRHE. &1 K R0 BRI G, 7T LAMS 25 200 B 775 RURFAE R B
X = [l 2l k) SRE, ST SRR RAT T AR, DASRAS [ e 4R 1 4 T A G R OR
e R A @ = L3 (xf). XD ROH LRI R 2% SCRR A #FR v (READOUT) #&1F.

FEMBEERRIR. 707 TS L5V AR IS0 o 28 50 2L (KD B RENS #m 25 W) 18] 1Y) )=
PR ELAE IR, AT 52 £H SR A0 B R e ) T AR B O AER PR SR T, O 1A T A 2 TR RO A ELAE
F, B 3CHR [29] 8 K, ASCR T 28 Transformer 2244 P4 A>T B R R B 7 F 45 MIRFAE. 858, 1]
Jiii Transformer H [V E LG @I EHXN S (Q) MFEE WX R (V) ik EEEE, B EA
TR R WX G P REME BRI REE . A 0y

. QK"
Attention(Q, K, V') = softmax (\/@) Vv, (3)

Hh @, K, V o plREE W & Bm S AE R &, d), 2R ER4EE.

AR HIBENIRIAR AL M AP S RRHIEE N B AR yo € RM>dim IRl /) 7 Ron#
A R T A RE @ (EABFBERERE yre = yv = [=f, 25, 2] FrBEHEEIN
i, RIVIE T A A 1) B R T RURRAE PP A Y R B N T A . 50 (3) AU RS N

yoWo (yxWik)'
Vd

Hrh Wo, Wi fl Wy 7350 SEAVELA T2 STBCEFERE. SRR A5 2 A7 S 0 45 R A& ) 17
SR, I — R AT 2 BHON Wo RTIER 2 IM 48 13 2R 1544 f R R

V = Softmax ( > (yvWvy), (4)

O = ReLU ((yqWo + V) Wo) . (5)

AR T A B NFERE O = [01,00,...,00] € RM*U™ fy MOANEREDN dim (KRR AL, Ht
BA RS A0 T A BRI, X TRE RS (dy, do), A LR RE R A EA 1% A
) M A>T A5 RFIE IR R, B S, PP PR 250 2 8] R AR R AR SZARLRE, A1 21—
HEMEFERE § € RM>M . BARTE, S A uR LR

(0;)"

0?2

; (6)

S =t I
Y lofllzlloF ]2

Hrit, of (WKL 03) Fons i A (RENLER j A) ARERMED T T EMFHEIE. S TFIeE IE W DU P
TG IR — Xt 3 17 G5 A TB A ELAR P A5, AT G 58 1 AR A ARREIE. S KEAE 5 SCA 4R (1 T AR
Berp R, T AT SR T

DDI %85 SRR, AT 70245 W0AH AT I 28060 T T g 72 24050 BOAH ELAE TR A B 2 3
NERE B 25 2 N 2R R RAMAZ AR, 2T O B2 R R HEWTE KA ELAE T, A
S T I AE R PR AT B AR . S AT SO AR (R 201 R S SRR AN 1 S5 R AR LA AR B, AT LA AT
PASRIG L TR G RN 73 T T ERBIIRIR xg M Oq. BIBHE 3.1 /NTA4E1 DDI 4%, B2
Yoy DDI & sl BT EA R R Rt A 4. XK 7 T4 ERRHERE 04 T,
IS T EEMYTIR xg PHGEK, 1F9 DDI ML b 250414611 RURFAE:

hY = Concat(x4, Flatten(Oy)). (7)
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SRIG, BLACBERLE FH B2 4% (GNN) k23] DDI M2 75 SUFE. #5458 1 )2 GNN S iy
RURFIERERE RO HY, 5 mURFAEAR RS (0 5E 8 T LU 30 S O

H'=CGNN(H'"!, A). (8)

TEAR SIS A, GNN IR T fg Ab HE S 57 3% 2 K T 08 10 BV B JJ 4% (graph attention network,
GAT) B3l H AR A
B, =o (Z aijWhj) , (9)
JEN;
Forpr NG R 510 BIABJE T RS, hy 2T HIRHIE TR, W R RIZ I A AR, o 2T
BORML, AT AR § TR, OR8N ey = o (Whi Why), oy = w20
Horh o RE—AMERAHURER S, I LR — A R A . SR GNN, {51 R 2
(graph convolutional network, GCN) 6] A1 [E] 4 %% (graph isomorphism network, GIN) 7 tH#A] DL
ik .
FUMARIR. Z3R15 T 22 RE BJE, ARSI B 00 B SRR F e AT TR IR B 5 25 2R
X TR R R TR Z500] dy A do, AR A ST N E A1 (8] W] e R A2 S8y ¢ HOAH AR AR
ME#. HierDDI $4/EHE4T DDI W25 27 SRR 2 BT AN 2 J5 43 AT PR IR T 45 %€ (dy,ds), fE4 ST DDI
W22 S R T, B A 3RAS T4 dy A dy W3 T REHBRIR a,, Tay, VAN T T 451
RANHFE Oy, Og, THHEAFEIN dy M1 dy AHEAF ISR EERERE S, S8)G, RePAH LA FHsR BEAERE S, H 3
PRI 531 A S5 e m AR ELAE SR AL one-hot Zfilh ¢ HfEEER. SR K PHEAT I 1) &
N — A2 FEEEIHL (multi-layer perceptron, MLP), JFilid sigmoid #i& EA%L o(-) 152 Score_1, R

Score_1 = o (MLP(Concat (x4, , €q4,, Flatten(S)) , t)). (10)

BB RPN R A LIRS DD W2 SR 2 5. R, £53 DDI S A&k 5%, BRI 3] T 5 —
o T EEMPFoR (x), M x)) LT T EHERRFER (0, A1 0),), EANTEE DDI M2 T
i ASE Ry, A R, (HRAEELIRIF). KA Of B O, FERAES (6), 7T LAEHB— A O T
FeRERE S’ 5115 Score 1 R0, wT LB LT 5203k Score_2:

Score_2 = ¢ (MLP(Concat(z); , z) , Flatten(S’)) ,t)). (11)
RRIRLRE M TN A SRAT LR AE BT S M Dy S 8 I TN 45 2R -
J= % (Score_1 + Score_2) . (12)

Score_1 Fll Score_2 2 [8] {1 X HI7E T F T Hiil| Score_1 FIRFEAN K B 75 E 0 I 2596 s M5 ., 1
F T Score_2 FIRFIENI 2R G 1 DDI P8 g 1 455 Y50 i) 0 2590 2 A i A 25 B B, 9 T 8¢
AR AR TN 240 64 73§~ A= G A SR 73T G R DRARFAIE PP S8 A ORI ) S a5 M5 8, Ak
BARE AT X PR 21 A 515 B EAT TN A3 2/ Score_1.

3.2 ZidiE

[ 3.1 /N 231 DDI i, A4S0 DDT BUIHESS A — > — o K. Hdlide M REg e
FIAFAER) DDIs, IX B HAUONIEREAS. SR1M0, 9 7 A RBObEAT ISR, BUAL R EEAT FORFE LT IE 6
FEAELG. AR T 3CHR (58] R M I J59: 45 5€ — A SR DDI =JeMER (d;, dy, t), 18 E it
di B dy BRI, B IR OTE, AT DA GRS TR E ISR ¢, IEREART SRR 2 1A R T
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&% 1 HierDDI M ZRE:.

M: DDI ik M, WS D, MZH K, L;
M B Do (di, dy, tIM, An);

10 NEHREE M TR Ay

2: KBANAERRNAFB D TE ¢ = (X, E);
3: while HierDDI RS do

4: for M HFHIEA = JCHFEA (d1,ds,t) do

5: for D ALY d do

6: WIREWED d W75 SAFIEAE R X Q FURAERERE B
7 2% (1) M (2) AT K RIH BRI,

8: RGN F N SRE {2 2k, 2E )

9: RS FRGEMPFE g = 2 POMEADE

10: ZHERX (3)~(5) THHDFFEMTRIERE O

11: 2N (1) BN AL nY;

12: end for

13: 2% (6) M (10) THHABRE] (dy, d2, t) FEAR Score_1;
14: KT ZIMIHIRHE (RO|d € DY I THI%G10 HO;

15: z%R (9) #4T L ZEWE MBS,

16: AR A EHE HRAE {n)|d € D};

17: WEHG di, do WEVIRHE kY, b, RS TREME 2, =, I TTEHEL O ,0),;
18: ZX3R (6) Al (11) WWHEAEH] (d1, do, t) FEAM Score-2;
19: THHETMMER y = (Score_1 + Score_2)/2;

20: %30 (13) HHHBRREL

21: TR, FRIAT I A4 3 SE TR AL S 4K 0,

22: end for

23: end while

243 J‘E@ FQ.

7. N T AR R R ] 25 S S, AR SO e AE X (binary cross entropy, BCE) #5125 pR%L:

1 2N
3N 2 (yiloggi + (1 —y;) log (1 — i) , (13)
Hb gy € {0,1} 25 i HAFEAREIARE, §; 25 ¢ AR E/EH KBS, N 2 Sm (EFEA)
oYM EAE I OC R EE. 4 % HierDDI HII 250t FE S IR B0V 1.

L =

3.3 SEZESH

BB R RN N, YR AR EEDY 1, 2990 T RS TR TN A,
20y T A ERF AR B, I TRHMELEEEN d. X TR TARROR S IR, SRy 1A g
W RARRHIN M B2 O(KBd?), e K i BALRRIIREL X T 7G5 A0 AR AR, 3R 7y
TP ML M E Ry O(M2d), Hodt M 2 FE5B ML B T AT DRI X N A2
PIFFAT AL B, BT LU M REUEEE N A I R R 28 5 A B A TR AR 9. X$F DDI R4
IR, LN ) S % 5 25 A ELAE B BRAE L, O O(LId?). TN M A8 O(14d).
BANFEIIERN O(KB + LI)d? + (M? + I)d). WAZAT L, S5 05 2% B 5 500 45 vh 25040 B
YRR B S IEARSR, RIS, 207 i A2 B R L W AR IR O, I 2 I 245 1Y) 2 B DA R - 5 1 A
KM SR IR B 2R

4 EWSiTe

AIEH AN = NiES 5805 775 e, 3R T HierDDI BITERE. ATE SLIGEE — S HC
%7 19-10920X CPU, RTX 3090 GPU A1 128G RAM i A 55 4% Fiz4T.
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®2 AMHERBREENGITES.

Table 2 Statistics of the used datasets.

Item DrugBank Twosides
#Drugs 1706 645

#Interactions 191808 5676287
#Relation types 86 963

4.1 SLEERE

BURER. AU T WA B B SR AN P R AU U7, (1) DrugBank 9 23k H FDA/
Health Canada Zj /2%, DrugBank A HAS R A AR H 2GR T —Fh 2590 (i 4] 5200 575 — Ff
ZiRARIE; (2) Twosides 601 2RI R E 4G Twosides AIEFHEHE 532 H¥. 5 DrugBank HHEHEA [,
Twosides 1 A BAF FH R T 22 (R AL R ALK AR AT |, X kE A EAE R 2RI
S TAE B (0O — 8, o T R B IR B R 2R, BeAL I g s T TR EEAE Twosides
HlE R HBLRECA R 500 RIPEFIZERL. & 2 BoR T EAISHHE B

RS EERE. ST TE 272 8 ASCRH LR BT R #ERIE (accuracy,
ACC). ZRAEBAEMZE FTHAR (area under curve, AUC). “FIIF5E (average precision, AP). F1 343
FHfi2 (Precision) 144 [[# (Recall). 430K HierDDI 5B 856 T A E4T L. X Bk d% 1
6 MMIELHAY: GAT-DDI P B35 5 R R I 4 GAT #7790 T3RR % 2], H615 B RE B 4%
HIT-H0 2 75 R A2 S RiAE . MUFFIN B7) 854 1 25490 5 5 85 0(5 B BA F= & LW B 25 BRI AR
K (KG) RPN 24 45 5. GMPNN BO 51N 7 [ 14201 B AL I 2%, B 52 AN [/ RN AR ) 43
T4, SSI-DDI P BN T s B S BURAE L 7~ 454, SR 5 TH BRI a7~ 2 1) 2 T RO R LA SRt AT
B ZM¥) DDI T, MSAN 290 $@ H 1 — /NS5 MR R s, 2% 23 40 1 B T o o 1 231
THFE. DSN-DDI B S 7 — T XA 57 SRR, RS2G4 (“PIALIE) FRZgmnd (“IaALIE)
TR YT 4K, X GAT-DDI FELG 2 d i 2 AR [ = 70 W g AT I, Hoxh N 2805 11 2k
SRS 5 A SCHEH Y HierDDI AHIF]. 2T MUFFIN, GMPNN Fil SSI-DDI, iX 3 ML (1) J5 4 2 32
BT BT, AR SCEFEAE A T UEACRD EAT S ZR A A SO A A O el 4R B sEAT I, Foxs i 2
e B AR R AR O33R, 110 MSAN A1 DSN-DDT 2845 78 {1 JF 1 25 B B A3t 1 Xoh 2 f 4 QL A0 1 25
U RRSR Jofr AR SC B A8 S B RS R 0 AT 0k

KWIHR. AHEE T FARIE R, 700 8 B SR80 5

EHER (transductive) 5%, BRI Fob, INZRAETh 258t 2 tH RN e . A0 DDI
= TCEHAEAS I B N R S AL BRI 2R 5E 60%  BOAIEEE 20% - MIHAAE 20% I LLBIEAT R4y, IO FF
BAEE T LA RIRA R ] — 2 AR 5T, MIAUIZREET ) DDIs #%& DDI MRS, %
FE R F T GRANHE KT B

FHA (inductive) 5. HEHERFAF R, X BREIEEREE T 29MAATIR 1, XER
FE NN RN DDI FEA A BA E & W 251, XA TRl B AR R B3y s, H S EER
WS ECAR R AL B 225 00HR [21) BB0E, EE T 294 1:4 BIELBIR N Guew AT Gola, 24
JE NN E TR YIHRAE Goa THY DDI FEA. MR Mgy BLEFAYIERLE Guew THI DDI
FEAS, TSR Mo WL AN 258 A HACE —MHE Guew T DDI BEAS. FEERHIE, BT
ZRAE AN AR DDI BEA T RCH &Y, B bAan RARIB A I ZREE i) DDIs SKA4E DDI /2%
FEFE, A Guew THIZGVIRIAE DD W28 40 Fha5 44 b 4 i N RAFAE, DDI W45 2 ST REHUG R 30T
RGO, BT AR LR T A I 28t ) DDI SR DDI MZFERE A, IEEAMEHT 254 2 LT 1
2y (AL RENLI, FEARINEE DDI MZSFERE. X AR T DDI P4 2% ST DLE BI7E I 258
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* 3 EEHENIFRT, &A% DrugBank 1 Twosides ERIMRE (FHE + wEE). EMERPmEMREL
HAAFRR. SE—FENERE (ACC) KT 50% B, ZA AN EERSBERIDA “.

Table 3 Performance (mean+std) on DrugBank and Twosides in the transductive setting. The best performance in each
metric is in bold. If the accuracy (ACC) of a method is below 50%, all metrics are marked as “-”.

DrugBank Twosides

Model ACC AUC F1 Precision Recall ACC AUC F1 Precision Recall
GAT-DDI 89.91+1.00 95.214+0.70 90.20£0.96 87.04+1.11 93.56+0.52 - - - - -
MUFFIN  93.90+0.08 98.294+0.13 93.99+0.07 93.06+0.12 94.9440.14 82.79£0.09 90.504+0.10 82.85+0.09 82.54+0.08 83.174+0.11
GMPNN 95.301+0.05 98.46+0.01 95.384+0.09 93.60£0.07 97.2240.10 82.83+0.14 90.074+0.12 84.0240.05 78.424+0.11 90.6140.23
SSI-DDI 96.334+0.09 98.954+0.08 96.384+0.09 95.0940.08 97.70£0.14 78.20+0.14 85.85+0.13 79.05+0.20 74.331+0.21 86.15+0.15

MSAN 97.004+0.09 99.2740.03 97.0440.08 95.92+0.19 98.18+0.09 83.73+0.04 91.26+0.06 85.9440.08 79.9040.07 92.2740.11
DSN-DDI  96.914+0.03 99.46+0.02 96.8240.03 96.22£0.03 97.43£0.03 83.214+0.02 90.934+0.02 85.0240.02 79.1240.03 91.20£0.12
HierDDI 97.58+0.12 99.66+0.07 97.584+0.09 97.67+0.13 97.49+0.14 85.751+0.12 92.45+0.07 86.72+0.12 80.941+0.09 93.39+0.10

FT 4 FEENRNIFRT, &35 DrugBank 1 Twosides ERIMERE (FHME + wEE). BMERP=mEMEEEL
HEFER. SR—FEERE (ACC) KT 50% B, R AR BIEIRHBEIRICA “.

Table 4 Performance (meantstd) on DrugBank and Twosides in the inductive setting. The best performance in each
metric is in bold. If the accuracy (ACC) of a method is below 50%, all its metrics are marked as “-”.

DrugBank Twosides
ACC AUC F1 AP ACC AUC F1 AP

GAT-DDI 66.31+0.61 72.75+£0.78 68.68+0.60 71.61+1.00 - - - -
MUFFIN 63.57£1.12 69.60+1.58 60.46+1.30 67.12+1.54 - - - -
GMPNN  68.57+0.30 74.96+0.40 65.32+£0.23 75.44+0.50 53.204+1.21 53.98+1.23 30.12+5.21 51.32+1.34
SSI-DDI  65.40+1.30 73.43+1.81 54.12£3.46 75.03+£1.42 50.844+0.34 52.77£1.04 22.05+3.21 51.924+0.23
MSAN = 69.23£0.93 76.23£0.79 67.20£1.98 77.07+0.89 52.01+1.04 52.65+£1.90 21.74£6.21 51.88%1.20
DSN-DDI 73.42+1.29 81.7941.12 70.34£0.98 81.82+1.48 53.21+1.24 54.77+1.24 30.94+£7.21 51.384+2.20
HierDDI 77.624+2.23 84.20+2.12 76.99+1.03 84.13+1.34 56.73+4.21 56.85+3.02 37.354+8.31 52.71+3.20

Mg, partition

GAT-DDI 69.83+1.41 77.294+1.63 73.01+£0.85 75.79£1.95 - - - -
MUFFIN 75.20£1.22 84.35+£0.89 72.15+1.12 83.63£1.54 56.43£0.91 62.91+1.02 40.42+1.33 60.16£0.89
GMPNN  77.7240.30 84.84+0.15 78.29£0.16 84.87+0.40 57.04+1.23 64.21+2.10 48.12+3.01 61.124+0.79
SSI-DDI  76.384+0.92 84.23+1.05 73.54£1.50 84.94+0.76 57.63+0.82 63.54+2.02 47.61+£4.27 60.631+0.82
MSAN  77.61+£0.45 85.69£0.23 76.65+1.03 85.36+0.67 57.27+0.93 63.38+£2.30 44.13£2.88 61.46+0.91
DSN-DDI 81.92+1.20 91.01+0.76 80.18+£1.49 91.09+0.93 57.03+0.93 62.13+1.83 46.23+£3.28 61.23+1.11
HierDDI 82.554+1.06 89.90+2.03 81.66+0.37 87.30£1.22 60.92+1.39 59.36+1.92 55.73+6.81 58.85+1.07

Mo partition

B UL 25,

TR DDI LA, AT MR 3.2 /55 b 1R 0 5 A O B 0 SRf A I B R A R IR 2
R A, AR R BT A58 7 A I 5 2, AR PRt BEATHORRIA) 3 0, TR
RIGPHEAT T 5 YOMSLSRBe . A SO 1 ik ke st i MR R R L PRI 2. 16 Bt
S, ASCHERT Adam PRACES VNGB 300 46, WIS ST RBLEN 1e—a, TELIT 200 50J5 B9 LG
{EH 1/10. FEFGRIET, s TR ERYIZREE 2 10 5 534 AN, 40 R 20 4 7] g 4> S0t )
B, MNITZE T KA 3BT . BRI, 70149300 5 e B8 L% 100 %6 7E DrugBank Fil Twosides 4
A L, RN BIBEE D 256 A 512,

4.2 SKEEHERSSH

% — 40 B T HierDDI 53 PERE, 2 3 F1 4 sh o BURR T 76 B A5 5 T
BB . i T B Twosides BUMT K, FLYER W 25902 7776 2 Ab M AR AT 2 GRS OhR
fEZ A4, BT DrogBank (47485 5305 58, FTA B 1R B4 BT T M. TSk
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#* 5 7& DrugBank ¥iE& L#ITHIERMEE. SMERPREMEUEKFRT.

Table 5 Ablation studies on DrugBank dataset. The best performance in each metric is in bold.

Transductive Inductive Mgy Inductive M go

Approach

ACC AUPR F1 ACC AUPR F1 ACC AUPR F1
HierDDI (our full version) 85.75+0.12 92.454+0.07 86.72+0.12 56.73+4.21 56.85+3.02 37.35+8.31 60.92+1.39 59.36+1.92 55.73+6.82
— substructure 96.87+0.32 99.01+0.21 96.894+0.33 72.18+4.25 80.394+3.20 76.02+1.29 78.22+3.25 87.144+2.63 79.66+£1.02
— DDI network 96.25+0.07 98.224+0.10 95.214+0.09 68.13+£0.63 76.02+0.68 67.01+£0.87 77.13+£0.35 85.0940.23 75.85+0.43
— substructure & DDI network 91.624+0.06 95.824+0.08 90.20+0.06 66.71+0.35 72.85+0.29 69.08+0.30 70.43+0.61 78.43+1.22 73.914+0.35

5645 3R W, HierDDI 78 /MU 4 1 B HELURA N 037 e b s 31 7 etk ge. BRI 5, 78 B
WSt BT T, ASCHEH T EE BE 48 DrugBank F1 Twosides [ TR 143 Hil$E T
T 0.58% A 2.02%. {8 BB ERARI% 5 N, HierDDI FIMERRITTH N B, mik 4.20% M
3.52%.

HARE R R, L8P MSAN, SSI-DDI LA GMPNN 2 H T 2340 F P45/ ik, BE
TEX TSR EE 5l N T SR s, AR S0P H AR R R B T i 2 757 1IX R Bl i DDI W
2851 N 72 WAL A G S AR T AR5 2. T 4b, R MUFFIN B34 T 2 2 RAHE, ETH X
SRR I 1S A2 S 5 (0 FH B ST IR 2 I 2R . A SR AT L, HierDDI (114 B B AL T MUFFIN, R B
i 210 PRI N 598 RRETBOR. 3 ANEUAE N —ANBEAR BB AR R, AR I T ot 28] ity )1 A5 2R A A T 57 Y
2853 35 | GRS TR AR .

WAk, Ve R 7 iEAE A9 A #R R B H B B AR BB R %, 78 Twosides BigE b4 pH A B
FRA XARKFEE LT Twosides ZUHH8E A& 18 259 /0 HAIZREERTIIREE 1) DDI FEAB A &
B2, BART S, AR SRR (61]) R TE, 16 Guew FIRBIGAZAME Goa FEITAR T
290, CAIZ M EF ) T A AL L N 0.46. fEVAGNRIZ ST, R T Tk tERE R FREA D,
AR SCHE IR ) B MRS T A B 2R A T /K7, wT AR E 2 2 Kk (e A 7 SRR FRTHA J3 a3 Stk
RE, JCHIENT EL AR IE LR v, RIS AR T S5 M9 2 RN DDI W28 2 R AE 3G 5 1 AR 7R () e k) fili 45 3
RETE RGN g s AR IH R I R 4. AEAS R, S 7RI IA 2990 AE TAE F M 465 25 16 Rl Bh g 254
ZAIAHEAE BTN, ASCAER E DDI W48 B CE T 2499 5 A QA9 2 10 7 BEALIZ, 1X (6155
I AT 4 IR, AR BT 25 P AR AIE Rl et X 45 F ¥ 4 S A e IR 25 22 U . ik
Ah, EFEWER], A R 75 T BRI BRI £, EE AN B E I BE LG
7 R P W S e 38 R AN R PR — AN AT g R AL

4.3 HFRSEI

AR — DRV T HE 1 HierDDT R 8 S 2H A0 S 28 1 BE A MM AN SCHE AN B 4 B 383k 4T
TR, 25 Rk 5 A6 Fros. 2T a5 MR EAE ALY (—substructure) ZETHH Score_1
F Score 2 BHNAE 4 7 A= S5 W I RRAE, AN 2 DDI W48 2% S f# 8 (—DDI network) T A
F Score_1 {E A & T 25 5. [R] M) 253X PR M 5 (—substructure & DDI network) S8 & 1H
BB L W 28K 7 2] 0 T A G IFAE, JF ELRE A T 104G B S 28 45 5. i T [ I A e 3K o A A ke
ZAFREAAE Twosides a4 EIIHERZAKT 50%, EPSRIG M, R A ORI A AR SR IR 45 3. W3R
W IR AT I, PRI, IR DDI W26 257 S B PR RPE e XA AR DTk, 25 R 1S5 A AH ELAE
PRSI BEWEEN, "R T 707 7 G MR AR AE SR TR YA E 1 o (0 B A

4.4 H—PHUEIIE

FEWBRRNE M IR, Oy 13— PR ZRAE HierDDI 1 1S5 BBUR 5200, AL e 1
TERBERE M TR, (EAEERR, XEASRIGM 2 T DDI M2 52 SR, DU 745
PR EAF PR i) M X — AR AT SOOI MR LU, S5 RN 3(a) Fros. MR MIEEE2 M IR
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Table 6 Ablation studies on Twosides dataset. The best performance in each metric is in bold.

Transductive Inductive Mgy Inductive Mgo
Approach ACC AUPR F1 ACC AUPR F1 ACC AUPR F1
HierDDI (our full version) 97.49+40.12 99.61+0.07 97.4840.09 77.6242.23 84.20+2.12 76.99+1.03 82.55+1.06 89.90+2.03 81.66+0.37
— substructure 83.52+0.42 91.0940.29 84.914+0.41 53.7843.16 55.90+3.56 31.24+3.83 56.37+0.32 60.34+1.97 48.8342.76
— DDI network 83.01+£0.39 90.2340.13 84.4040.28 53.1240.56 54.32+1.39 28.39+1.49 56.97+0.23 59.104£1.02 46.234+1.54
. ACC 09
AUC - 09
Fl
1.0 0.8
L B 0.8
2 2 2
009 S07 S
o @ @
e = w
0.8 06
0.6 .
0.7 05| Pearson correlation = -0.86 Pearson correlation = 0.85
.
0.6 0.5
M=2 M=5 M=10 M=30 M=60 M=100 2 4 6 8 0 12 14 05 055 06 065 07 075 08 085
Substructure pattern size Mean absolute error (MAE) Normalized mutual information (NMI)

(2) (b) ©

B 3 (NEMEE) (a) ERRFHEEEE M THLER; (b) EEME (F1 59) SMEEREN MAE Z[EK
Pearson tHXFHH; (c) EEIHEE (F1 54) SMEHXIRER NMI Z B Pearson HHXFRH.

Figure 3 (Color online) (a) Results with varying sizes of substructure pattern M; (b) Pearson correlation between
prediction (F1) and MAE of degree recovery; (c) Pearson correlation between prediction (F1) and NMI of community
recovery.

MBI 10 2] 60 I, BRI TEREAHXS RS E, HABIFIRCR. 5 M K/, T 45 M BARE LT
AEVER, T4 M RREENE R, BASURIFA S IR LR T, M AR RO N S BUE TR B
73 BEINFERT .

W& LEA TN P B FIAE XS Sl JLIAT 5L (62~04) 958 1 B S M4 (R (degree) ATAEIX
(community) &5 SERFELE M2 EERE T (link prediction) J7 HIFIA 2. M DDI W45 1) M R A,
TN 250 AH ELAE P 2 AR AE HLSE 5t /2 DDI W2 B RGBT, AIXAS A B2, A SCHR ) HierDDI A
JoE R R S D 228 A0 D ) SR A 8 A I IR 4 R R K ) B2, AT KR DDI R 4% (4 EE AT X i) 7). [
3(b) A (c) JER ¥ FEAAE X FR PR 22 X e FO0M0 P 52 ). 3 HLREATL e 6 17 AN IR )1 R B B i A 8 ik
AT, 45 3 HOus LA B O 45 R, JETHEL T N AN LS [E] P B AE X 1R ZE (mean absolute
error, MAE) KRFERERREFRERE. 2 FHXIKE, HMH Louvain #1 XA &% [65] Y1 25 bRic N
ANFFAEX, SR IH—4L A5 B (normalized mutual information, NMI) 47 &+ X 1Pk T2 FE.
Louvain 5022 — sy U0 Ak ORISR, T8 I e A BEER FEE SR Ul Do 2% v (0 4 X 45 0. LR A JELAE 2
0 2 v =1 s 2l 1 BT S A DXARAS, I b 3 R MR B2 1 8 A XAR RS, AR KR 22
Ja, TR XCE AN E A, EE BRI AR AR B LR R &L
VESNER O SR IR, IS SR MM VP T PN SRESREE RIARIE. SRR SRR ARy X, F4s

RY, AR
I(X,Y)
H(X)H(Y)

Hi, 1(X,y) £/ X MY ZREMESERS, HX) A HY) Fox X fYy 855 NMI #HUE G Y
[0, 1], {H R WA S 45 R L A5 Bl %, BIIRSEACRBRAT . [ /R AH 5 3L (Pearson correlation
coefficient) f& ] T @ PN T ML MM AR I ZE i fiabs, I BT UM &SR 8. & v
WHLE [-1,1), KA E10h 1, RN R B R LM IEM R, JEN —1 NUFRRA R B a4
PSR, X AR F1ERACRAR BRI, B mT L, BER S AR BEZ A Pearson AH2%

NMI(X,Y) = : (14)
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xk 7 AEBFFEIEAEAE DDIs. XY DDIs RESEANERNKESESD, EELWIEHEE HFRIEEFIC
X

Table 7 Potential DDIs verified by our model. They are not in the used dataset, yet verified and recorded in official
databases.

Drug 1 Drug 2 Description Probability
Bivalirudin Carmustine Increase the risk or severity of bleeding 0.9806
Goserelin Glisoxepide Decrease the therapeutic efficacy 0.9999
Timolol Goserelin Increased the risk or severity of QTc prolongation 0.9950
Donepezil Nifedipine Increase the bradycardic activities 0.9975
Sulfamoxole Donepezil Decrease the metabolism 0.9993
Roxatidine acetate Cysteamine Decrease the bioavailability 0.9935
Lofexidine Perphenazine Increase the therapeutic efficacy 0.9999
Dacarbazine Sunitinib Increase the risk or severity of adverse effects 0.9786
Levosalbutamol Pseudoephedrine Increase the risk or severity of hypertension 0.9828
Pseudoephedrine Methantheline Decrease the sedative activities 0.9995

FHCN —0.86, FLIX PR E AR 1 G 2 (B IRME N 0.85, X — B IGAIE | 5E 47 1F W 48 4514 Tk &2 e ) =
Wk S I¥) DD TR .

HUNE7ER) DDIs. DDIs #finfe CAMFEA S BIE, V2R DDIs H AT MR BHC K. MRS
AR AR I X BL S 5 RE 7T, 3R 7 P EOR T DrugBank YIZR AT 10 2525940
HAEA. XU B AR ARG EEAR S DrugBank i H, (HEAN AR I, H A EE
DrugBank #(# % (https://go.DrugBank.com) £ [5].

5 Zit5RE

25AH ELAE F AT DA SR AR IE 1) IRYR 7 45 S, AT RE & 51 e M B A RN ST AR R 2P RIS K
MG AN, X259 < (8] AH AR I 2R B i 0 75 SR B H 28 3. 7EXFERI T ST, M EENLES 2% S B AL AT
H BTN s S 28 B ARG R B, SR I T2 T HLA8 2 ) (R 7R3 R Re A T Hb A 22 J2 TR G A 25 ) AH
TAER ), H353 77 00 T A A s AR . Dk, ASCHR T HierDDI, — T ik B
TEIE I 2 J2 IR Gh R @A LAAT Rt 2] 25 IR) AR VR, HL RIS 3 AR A e 2 i B () 175 0 A
REAE A TN, ASCHEH T B 3 NMANF R E RIS E B 71850, 245
DDI W48 &5, X Tl 22 J2 0 Jd R 3 ok i 28] P DI SR A TR S , 3 2 0CRE L1 5, T 4 T B A
DDIs. J7iZ BSE56R A SCHR I 7 v AE PR Re BB AL T IA 2 7 v, o H AR I s A R B 2.
EEMERI ST, 7E DrugBank Al Twosides FUHE5 1 (1 T i S AR A T4 072220 AR TH T 0.58%
Al 2.02%, EIEH I 5 FIRFAMIEF] T 4.20% A 3.52%.

AR FEAKE HierDDI #1J& 2 25W) 5 8865« 25 5500 « PR 5 500 R4, 5 BhR 2 )2
YRR, IRANFINTEE R L S0 « 29 AEEARR] A BAEH, A MEAGIG T S 245 3cit Se 8 eg. itk
Ab, KRR HierDDI SRS BRI & #42, 18 SEITH . 255 30 16, S0 ur B A vk i
Haz etk MBS BIRKRIE SR RE, DR BFIRT R S5 EERE.
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Abstract Drug-drug interactions (DDIs) often occur when a drug is co-administered with other drugs. Some
interactions between drugs can result in positive therapeutic effects, while reactions caused by others can have
serious consequences, even life-threatening, making it crucial to predict whether the interaction or what type exists
between two drugs. The escalating demand and cost of experimental DDI studies underscore the requirement for
automated computational tools, especially machine learning methods, to predict DDIs. However, previous machine
learning methods have failed to comprehensively model multiple levels of information, including the substructure
level, molecule level, and DDI network level. Some methods also rely on large-scale biomedical knowledge graphs,
increasing the inference cost. In this paper, we propose HierDDI, which constructs a hierarchical graph structure
solely from known DDIs, without relying on external knowledge graphs. Specifically, HierDDI predicts DDIs
through modeling the aforementioned three levels, capturing both inter-drug and intra-drug interactions to
establish a comprehensive machine understanding of DDIs. While all modules were designed with simplicity,
extensive experiments showcase that our method outperforms baselines by a notable margin. Particularly, on
DrugBank and Twosides public benchmarks, our method achieves 0.58% and 2.02% improvement in accuracy
over the strongest baselines in the transductive setting, while these two values reach up to 4.20% and 3.52% in
the inductive setting. The source code is publicly available at https://github.com/wuhuaijin/HierDDI.
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